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METOJ ONNPEAEJEHUSA JJIUTEJIBHOCTH BbIIIOJTHEHUA
TECTOBOI'O 3AJJAHUS

PaccmaTpuBaeTcs, Kak BIUSIET BBIOOpP AJIMTEIHFHOCTH BBINOIHEHHS KaXKIOTO TECTO-
BOTO 3aJIaHus JUIS TIPOBEPKH 3HAHUH Ha MPaBHIBHOCTH OTBETA. J{JIsl 3ampoca M 0TBETa TeCTo-
BOTO 33/IaHMS TIpeUIaraeTcs HOBBIM 10IX0]1 pacyeTa HanOOJbIIET0 BpEMEHH.

Kniouegvle cnoea: npoBepka 3HAHUWH, UIUTENBHOCTH 3a/laHMs, BHIOOD BpEeMEHH
BBITTOJTHEHHUS.

G.Z. ATSHEMYAN, E. H. HOVHANNISYAN
A METHOD FOR DETERMINING THE TEST DURATION

The choice of the duration of each knowledge test influence on the accuracy of the
answer is considered. A new approach to the calculation of the maximum time for
questions and answers of the test task is proposed.
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A METHODOLOGY AND AN APPROACH FOR DEVELOPMENT OF
PREVENTIVE PERSONALIZED HIERARCHICAL HEALTHCARE
SYSTEMS

Advanced healthcare promotes the paradigm change from delayed interventional to
predricive medicine tailored to the person, from reactive to preventive medicine and from
disease to wellness. The paper is focused on the methodology and approach of implementing
a new paradigm by means of equipping doctors and patients with new tools and systtems
which can efficiently address the integrative concept of preventive personalized medicine.

Keywords: preventive personalized medicine, knowledge, machine learning, big
data, cloud services.

Introduction. Preventive personalized medicine is one of the most
innovative areas in the future of health research. It has a high potential for patients,
citizens and the economy. The implementation of Stratified and Personalized
Medicine is complex, therefore, a major challenge in Europe and beyond. Lifelong
prevention, early diagnosis and effective intervention are all important measures in
improving the sustainability of global healthcare systems. The overarching goal of
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“preventive personalized medicine” is to create a framework that leverage patient
Electronic Health Records, biomedical and genomics data to facilitate clinical
decision-making that is predictive, personalized, preventive and participatory (P4
Medicine). Big data could have a very big impact in health care especially in
personalized medicine. This unprecedented amount of data, when meaningfully used,
can provide significant insights in avoiding unnecessary treatments, minimizing
drug adverse events, maximizing overall safety, and eventually leading to much more
effective and efficient healthcare system, and provide a path, realizing the objectives of
personalized medicine [1].

The implementation of such systems and tools requires a multidisciplinary
approach involving a combination of big data analytics, complex networks, machine
learning, bioinformatics, evidence-based, preventive and personalized medicine [1].

Therefore, as a starting point, it is very important to have clearly defined
methodology and technological architecture (approaches) for efficient communication
between different teams and implementation of such complex systems.

Methodology. As the development of P4 Medical Systems is complex and
requires usage of big data analytics, complex networks, machine learning and
bioinformatics, it is very important to define a methodology (flow) which will
decrease the development time and cost, find out the problems before the final
deployment of the system.

The P4 Development Approach (PDA) based on Cross Industry Standard
Process for Data Mining (CRISP-DM) [2] is considered in this article.

PDA breaks the process of data mining into 8 major phases (Figure 1):
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Fig. 1. CRISP-DM model
100




1.  Domain Understanding - This initial phase focuses on understanding the
project objectives and requirements from a domain perspective;

2. Data Understanding - The data understanding phase starts with an initial data
collection and proceeds with activities in order to get familiar with the data;

3. Data Preparation - The data preparation phase covers all activities to
construct the final dataset;

4. Modeling - In this phase, various modeling techniques should be selected and
applied, and their parameters should be calibrated to optimal values. Stepping
back to the data preparation phase is often needed;

5. Evaluation 1 - At this stage high quality model(s) should be built, from a data
analysis perspective. Before proceeding to the deployment of the model, it is
important to more thoroughly evaluate the model, and review the steps
executed to construct the model, to be certain it properly achieves the
objectives. Doctors’ participation in this evaluation is required;

6. Development of healthcare tool(s) - By this phase useful and acceptable
tool(s) should be created for doctors and patient. It can be a mobile and web
application for patients and doctors and could be a solution for health and
medical insurance companies;

7.  Evaluation 2 — Before the deployment, the created system and all tools should
be evaluated and tested. Healthcare organizations and medical associations
should participate in evaluation and testing;

8. Deployment — This is the final step by which the system should be made
available;

According to study [3] in the research, the following methods and tools are
used:

a) Existing prediction models, even those that incorporate only four to six
predictors, are valid tools to identify individuals at high risk for the future
development of type 2 diabetes; b) Actual risk for development of type 2 diabetes
is generally overestimated, making it necessary to adapt models to local settings,
and even then the accuracy of the estimated risk remains questionable; c) The
impact of such prediction models on prevention or treatment decisions requires
further investigation in clinical practice.

Machine learning approaches provide a mechanism for data driven
hypotheses generation, optimized experiment planning, precision medicine and
evidence-based medicine. The challenge is not only to extract meaningful
information from this data, but to gain knowledge, to discover previously unknown
insights, to look for patterns, and to make sense of the data [4,5]. However, an
increasingly important issue is the limited time which medical doctors have in their
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daily clinical routine: on the average, a medical doctor in a public hospital has only
five minutes to make a decision [6,7], hence interactive tools for decision support
and real-time analytics are a necessity.

Network-based techniques have been investigated in various disciplines such
as chemistry, biology, ecology, finance and system biology. Network-based methods
have been proven amazingly efficient and flexible to examine problems related to
the function and structure of biological systems in the post genomics era [§].

System Architecture

To implement all stages of the research project and to provide the useful
instrumental tools for end-users it’s necessary to design the solution which is
compliant with the following requirements:

» The solution should be able to integrate the data from different sources

with different structure and process such an amount of data;

» The solution should have all the necessary tools for data understanding

and preparation;

= The solution should have built-in algorithms and models of machine-

learning and network analysis;

= The solution should be extendable to support new developed algorithms

and models;

= The solution should be scalable, extendible.

In this section, we describe the solution architecture for P4 Medicine which
leverages Apache Spark [9] for its advanced real-time analytics capabilities. In
Figure 2 is a depiction of architecture.
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Fig. 2. Architecture of P4Medicine Hierarchical Healthcare System

The back-end provides various tools and frameworks for advanced analytics
and decision management. The analytics workbench includes tools for data analysis
and clinical predictive modeling. Spark's expanding Machine Learning Library
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(MLIib) includes algorithms like Support Vector Machines (SVMs), Decision
Trees, Random Forests, K-Means Clustering, Streaming K-Means, and similarity
measure algorithms like DIMSUM which stands for “Dimension Independent
Matrix Square using MapReduce”. Deep Learning models built with frameworks
like H20, Caffe, and DeepLearning4J can run on Spark as well. Machine learning
also can be done by IBM Watson which is providing high level abstraction for it.
Using Deep Learning, researchers achieve ground-breaking results in medical
imaging, natural language processing (NLP), and speech recognition. An open
source project called ADAM uses Apache Spark for scalable genomics data
processing. Data Visualization tools like D3.js, rCharts, matplotlib, googleVis,
ggplot2, and ggvis can help obtain deep insight for effective understanding,
reasoning, and decision making through the interactive visual exploration of
massive, complex, and often ambiguous data.

The architecture is hybrid, and also includes a production rule engine and an
ontology reasoner. This is done in order to leverage the existing clinical domain
knowledge available from evidence-based clinical practice guidelines (CPGs) and
biomedical ontologies like SNOMED. This approach complements machine
learning algorithms' probabilistic approach to clinical decision making under
uncertainty. Drools supports both forward and backward chaining as well as the
modeling of business processes (clinical workflows) with the business process
modeling notation (BPMN). Natural Language Processing (NLP) includes
capabilities such as: named entity recognition (NER) for extracting concepts from
clinical notes, text classification, text clustering, document and passage retrieval,
text summarization, and more advanced clinical question answering (CQA)
capabilities which can be useful for satisfying the clinicians' information needs at
the point of care. The data tier supports the efficient storage of large amounts of time
series data and is implemented with databases like Cassandra, HBase and Parquet.

To make it horizontally scalable, Akka, Apache Kafka or Spring Cloud can
be used. By using these technologies, all logical modules of the system can be
divided into small micoroservices which will make development, deployment and
team manager easier and faster.

The clinical decision services provide intelligence at the point of care typically
using validated predictive models, clinical rules, text mining outputs, and ontology
reasoners. The clinical decision services can be deployed in the cloud. Other
clinical systems can consume these services through a SOAP or REST-based web
service interface (using the HL7 vMR and DSS specifications for interoperability)
and single sign-on (SSO) standards like SAML and OpenID Connect. IBM
Analytics for Apache Spark is now opening up new avenues to develop next-
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generation analytics that combine the power of Spark with the rich set of data-
centric Services available on Bluemix in new and innovative ways [11,12]. The
final deployment will be done in hybrid way. All personal data will be stored in
medical institutions due to privacy reasons and integrated with cloud-based
personalized medicine system.

Conclusion. Taking into account the interdisciplinary nature of the research
we established the research methodology and referred to the existing solutions
which shall be combined and integrated to provide the personalized preventive and
measures and treatments to the patient. At the same time, we designed the
architecture of our system based on the Apache Spark big data platform which
allows us efficiently combine and integrate different data sources, international
healthcare standards and different methods/models under one umbrella to make our
experiments feasible and efficient.
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